The bidirectional role of gut-brain axis that integrates the gut and central nervous system activities has recently been investigated. We studied "cage-within-cage resident-intruder" all-male model, where subject male mice (C57BL/6J) are exposed to aggressor mice (SJL albino), and gut microbiota-derived metabolites were identified in plasma after 10 days of exposure. We assessed 16S ribosomal RNA gene from fecal samples collected daily from these mice during the 10-day study. Alpha diversity using Chao indices indicated no change in diversity in aggressor-exposed samples. The abundance profile showed the top phyla were Firmicutes and Bacteroidetes, Tenericutes, Verrucomicrobia, Actinobacteria and Proteobacteria, respectively. The phyla Firmicutes and Bacteroidetes are vulnerable to PTSD-eliciting stress and the Firmicutes/Bacteroidetes ratio increases with stress. Principal coordinate analysis showed the control and aggressor-exposed samples cluster separately where samples from early time points (day 1-3) clustered together and were distinct from late time points (day 4-9). The genus-based analysis revealed all control time points clustered together and aggressor-exposed samples had multiple clusters. The decrease in proportion of Firmicutes after aggressor exposure persisted throughout the study. The proportion of Verrucomicrobia immediately decreased and was significantly shifted at most of the later time points. The genus Oscillospira, Lactobacillus, Akkermansia and Anaeroplasma are the top four genera that differed between control and stressor-exposed mice. The data showed immediate effect on microbiome composition during a 10 day time period of stress exposure. Studying the longitudinal effects of a stressor is an important step toward an improved mechanistic understanding of the microbiome dynamics.
years, there have been major gains in our understanding into the role of the microbiome in host physiology. Alteration of the gut microbiome composition and function has been associated with much of the human pathology of disease. These diseases include obesity (Le Chatelier et al., 2013; Ley, Turnbaugh, Klein, & Gordon, 2006) and type 2 diabetes (Qin et al., 2012) , as well as complex diseases like inflammatory bowel disease (Manichanh, Borruel, Casellas, & Guarner, 2012) , and autoimmune diseases, such as rheumatoid arthritis (Vaahtovuo, Munukka, Korkeamaki, Luullaine, & Toivanen, 2008) , and allergy (Russell et al., 2012) . Recent studies in the field of the gut microbiome help to further our understanding of the etiology of neurological disorders (Mayer, Padua, & Tillisch, 2014; Neufeld & Foster, 2009; Petra et al., 2015) . There has been a focus on the bidirectional functional relationship of the gut microbial population with the host brain involving canonical and non-canonical networks (Arck et al., 2010; Deans, 2014; Sherwin, Rea, Dinan, & Cryan, 2016) . Some of the established pathways involve the endocrine hypothalamic-pituitary adrenal (HPA) axis, and the immune, autonomous, and enteric nervous systems that form the microbiome-gut-brain axis (Arck et al., 2010; Galland, 2014; Grenham, Clarke, Cryan, & Dinan, 2011) . This relationship is gaining attention not only in regard to gastrointestinal disorders such as irritable bowel syndrome (IBS), but also in regard to a number of unexpected pathologies, such as autism (Hsiao et al., 2013; Macfabe, 2013; Macfabe, 2012; Mangiola et al., 2016; Mayer et al., 2014) and major depressive disorder (Jiang et al., 2015) .
Murine models are valuable for studying the role and function of the gut microbiota (GM) as well as its involvement in disease. There are multiple reports, especially of studies using germ-free mice, which have confirmed the significant role of the GM in the enteric and central nervous systems (Heijtz et al., 2011; McVey Neufeld, Perez-Burgos, Mao, Bienenstock, & Kunze, 2015) . Strong evidence from animal studies have shown that psychological stress appears to reduce the numbers of Lactobacilli species in the gut while increasing the growth of pathogens such as Escherichia coli and Pseudomonas species (Phillips, 2009; Wang & Kasper, 2014) . Some of the microbiome population changes can be long term, such as reduction in indigenous microbiota or "friendly" bacteria, while increasing the relative abundance of pathogenic bacteria, including Clostridium (Deans, 2014) . Another study showed that administration of Lactobacillus rhamnosus or Bifidobacterium longum to mice could improve anxiety-and depressive-like behaviors (Bercik et al., 2011; Bravo et al., 2011) . In addition, a social disruption model has been found to alter the composition of the intestinal microbiome, indicating stressor-induced immunomodulation (Bailey et al., 2011) , and it was demonstrated that stressor exposure changes the stability of the microflora, leading to bacterial translocation. Although the exact means of these interactions is not completely understood, the increased translocation of bacterial products are related to the compromised gut barrier and has been linked to disruption of the immune system and HPA axis (Anderson & Maes, 2013; Maes, Kubera, Leunis, & Berk, 2012) . Stressor exposures have been shown to increase the circulating levels of IL-6 and MCP-1 that were positively correlated with changes in three bacterial genera (i.e., Coprococcus, Pseudobutyrivibrio and Dorea) in the cecum (Bailey, 2014; Bailey et al., 2011) . Some of these effects are known to be reversed when mice were given probiotics orally (Ait-Belgnaoui et al., 2014; AitBelgnaoui et al., 2012; Savignac, Kiely, Dinan, & Cryan, 2014; Savignac, Tramullas, Kiely, Dinan, & Cryan, 2015) .
The main objective of the current study is to use the previously validated C57BL/6J mouse model with simulated post-traumatic stress disorder (PTSD) Hammamieh et al., 2012) and evaluate changes in the microbiome profile of the fecal samples collected from Aggressor-Exposed (Agg-E) mice every day during a 10-day exposure period. Using Illumina MiSeq technology, we derived a longitudinal data set of the 16S rRNA sequences. Here, we report microbiota alterations in response to aggressor exposure that, presumably, are representative of the gut-microbiome-brain connection in the mouse model of PTSD. All mice were purchased from Jackson Laboratory. All mice had free access to food and water and were kept in a temperature-controlled room (21 6 2 8 C) on reverse 12/12 h light/dark cycle (lights on at 06:00 PM and off at 06:00 AM).
| Aggressor mice
The SJL albino male mice (5 to 6 weeks old and weighing 30 to 35 g when purchased) were housed individually in polycarbonate cages (48 3 27 3 20 cm) for one month prior to the experiment in order to Significance Our current study is the extension of previously published studies of the rodent model simulating features of PTSD. The paper provides the time series analysis of microbiome composition during the psychological stress as observed by 16S amplicon sequencing in mouse fecal samples.
We observed changes in microbiome composition as early as 24h post-stressor incident in exposed animals where the Firmicutes/Bacteriodetes ratio increased after stress. The psychological disturbances led to instability of the microbiota early during the exposures. The effects of a stressor in a longitudinal study are an important step toward an improved mechanistic understanding of the microbiome dynamics.
induce aggressiveness due to isolation. They were then trained to attack intruders as described (Hammamieh et al., 2012) . The model was developed in male mice as female to female aggression in mice is very heterogeneous, limiting statistical power within the available sample size .
| Subject mice
Male C57BL/6J mice (5 to 6 weeks old and weighing 20 to 25 g) were singly housed in a different room from the aggressor mice under the same environmental conditions for one week prior to and during the stress regimens.
| Control mice
Control male mice were housed identically to subject mice.
| Aggressor exposure
Aggressor exposure sessions followed a modified "cage-within-cage resident-intruder" protocol. For aggressor exposures, subject mice were placed in a wire mesh cage (17.5 3 14 3 7.5 cm) that was placed inside the aggressor's large plastic home cage (48 3 27 3 20 cm) for 6 h, as described (Hammamieh et al., 2012) . During the 6 h, mice were randomly placed in physical contact with the aggressor mouse three times, for one min each time or 10 strikes (whichever came first). The 6 h sessions were repeated daily for 10 consecutive days. In a separate room, control mice were kept inside the same type of cage-within-cage environment with fresh bedding for 6 h without direct exposure to an aggressor on the same daily schedule. Aggressor mice were provided food and water ad libitum during the 6 h "cage-within-cage" sessions.
After each 6 h session, Agg-E and control mice were single-housed in their home cages with ad libitum food and water until the next session.
The study included longitudinal assessment of n 5 7 for control group and n 5 8 for Agg-E group of mice (Table S1 ) and fecal samples were freshly collected and the samples were stored at 280 8C until DNA extraction. No samples were collected on day seven of the study. The exact number of samples is listed in Table S2 where some of the samples were removed because of contamination or data quality issues.
The experimental design is shown in Figure S1 .
| DNA extraction
Samples were continuously kept cold before the extraction. The fecal sample was weighed and RNA was extracted using MoBio PowerSoil Total RNA Isolation Kit (MO BIO Laboratories, Inc.) and DNA was extracted using the MoBio PowerSoil DNA Elution Accessory Kit. The extracted DNA was used for PCR and sequencing. The quality check for DNA extraction was done using spectrophotometric readings.
| Library preparation and sequencing
The samples were randomized. Samples collected from even time points were included on one plate and second plate with odd time points as well as some repeats from even time points were processed.
We used primers that were previously designed to amplify the V3-V4
hyper-variable regions of the 16S rRNA gene (Klindworth et al., 2013) .
A limited cycle PCR generated a single amplicon of 460 bp, and the amplification of PCR fragment was checked on agarose gel as well as on Tapestation system (Agilent). This was followed by addition of Illumina sequencing adapters and dual-index barcodes. The final library peak was checked on Tapestation system (Agilent) and quantified before loading on the sequencer. Using paired 300 bp reads and Illumina MiSeq v3 reagents, the ends of each read were overlapped to generate high-quality, full-length reads of the V3 and V4 region in a single run using MiSeq sequencing instrument (Illumina).
| RT-PCR
The validation qPCR for Akkermansia muciniphila in the fecal samples over the time course followed the protocol for RT-PCR using the 
| Microbial community profiling
The initial data quality assessment, processing, and chimera detection was performed using the QIIME (Caporaso et al., 2010b ) method on de-multiplexed sequences. Operational taxonomic units (OTUs) were defined by clustering with 97% sequence similarity cutoffs (at 3% divergence). The representative sequence for an OTU is chosen as the most abundant sequence in that OTU by collapsing identical sequences, and choosing the one that was read as the most abundant sequence. Next, representative sequences were aligned against the Greengenes database core set (DeSantis et al., 2006) using the PyNAST alignment method (Caporaso et al., 2010a) with the minimum sequence length of 150 bp and the minimum percent ID of 75%. The RDP Classifier program in QIIME was used to assign the taxonomy to the representative set of sequences using a pre-built database of assigned reference set sequences. OTU tables were generated using taxonomic assignments for further downstream comparative analysis. OTU counts lower than depth of 10 were filtered for low abundant features. Community summarizations by taxonomic composition were performed using OTU clusters for control and Agg-E groups at different time points at taxonomic levels (division, class, family, etc.), and bar plots were generated to highlight taxonomic abundance differences among samples at different time points for both the control and Agg-E groups.
The relative proportion of abundant phyla was calculated using sum total abundance count for all phyla and expressed in percentages.
Rank abundance profiling was measured using ecology biodiversityR package (Kindt & Coe, 2005) . The alpha diversity analysis was calculated using QIIME using Shannon index, Chao1 Rarefaction
| 1313 measurement and Simpson index, and altered features were called using p-value as well as false discovery rate (FDR) of less than 0.05 using Benjamin-Hochberg method. The beta diversity distance matrix was created using QIIME. Principal coordinate analysis (PCoA) was performed using weighted UniFrac distance between samples after log transformation on OTU count data. We observed that the counts from some of samples showed zero inflated values, and these are not annotated at the phylum level as compared to other samples, so we considered them as outliers. Outliers were removed from those time points before normalization and this gave us sample sizes ranging from min N 5 4 to max 5 8 samples in all groups.
The OTU counts were normalized using TMM normalization method (McMurdie & Holmes, 2014) followed by plotting the data distribution ( Figure S2 ) in edgeR Bioconductor package (Robinson, McCarthy, & Smyth, 2010) and were further analyzed using negative binomial generalized linear models with quasi-likelihood tests with contrast function to study the differences in the microbial community across each time point. The method was selected because of hierarchical and spatial nature of microbiome count data that shows over-dispersion higher than the actual variance. Significantly altered microbial composition was profiled at each individual time point of Agg-E mice samples compared with respective control mice samples using the empirical Bayes quasi-likelihood F-test (Robinson et al., 2010) , and multiple comparisons were performed using Benjamini-Hochberg method using pvalue cutoff < 0.05 with passed FDR < 0.05. The body weight values obtained in our earlier study (Hammamieh et al., 2012) were correlated with the most abundant phyla (Firmicutes) using Pearson's correlation analysis. The functional metabolites were predicted using the PICRUSt algorithm (Langille et al., 2013 ) that uses metagenome gene content inference data and a database of reference genomes. The column statistical analysis and figures were generated using GraphPad prism v5.
| R E SU LTS

| Collection of 16S data
Molecular and phenotypic data have shown that aggressor exposure produced significant stress effects that persisted Hammamieh et al., 2012; Muhie et al., 2017; Muhie et al., 2015) . This study was to characterize the composition of the fecal microbiome during the stress exposure of 6 h daily for 10 days and the fecal samples from control or Agg-E C57BL/6J mice were analyzed for 16S rRNA sequences. We obtained 11,935,881 high-quality sequences, accounting for 99.9 % of the valid sequences (11,934,037 reads total) from 127 fecal sample data points. According to barcode and primer sequence filtering, on average, we recovered 93,968.79 (range 381-925,488) sequences per barcoded sample for downstream analysis.
Thus, after final chimera removal, 4,411,574 sequences were obtained from control subjects for the phylogenetic analysis, whereas 6,261,656 sequences were obtained from the Agg-E mice. The total number of unique sequences from both groups for all time points was 9,128,844, and all phylotypes were represented. In particular, there were a total of 1,140 observations at species-level OTUs; 476 OTUs were from control subjects, and 460 OTUs were from the Agg-E mice. A total of 365 core OTUs were identified from all of the samples. Detailed characteristics of each sample are shown in Table S1 .
A Venn diagram ( Figure S3 ) representing the number of OTUs between Agg-E and control mice illustrates that the microbial community structure differs in both of the groups. There are 511 OTUs common to both of the groups among a total of 763 observed OTUs, and 48 distinct OTUs are present only in control samples, whereas the other 204 OTUs are present only in Agg-E mice. Alpha diversity analyses and its statistical summary using the estimators of community richness (Chao1) index, Simpson index and Shannon index showed no statistically significant difference between control and Agg-E samples (Figure 1 ).
| Proportion of phyla across time points
The proportion of abundance profiles for the control as well as Agg-E samples is shown in Figure 2a and emphasizes that changes in the microbiome of Agg-E mice were immediate and control samples exhibited stress effects at later time points. The Verrucomicrobia had significant changes at the earlier time points from days 1-3 and stabilized at later time points. The rank abundance profile of phyla from the fecal samples showed that the most abundant phyla for control and Agg-E mice, respectively, are Firmicutes (59 and 69%), Bacteroidetes (25 and 13%), Tenericutes (4 and 3%), Verrucomicrobia (2 and 5%), Actinobacteria (1% and 1%) and Proteobacteria (1% and 1%; Figure S4 ). The GM of healthy mice are dominated by two main phyla, Bacteroidetes and Firmicutes (Gu et al., 2013; Thomas, Hehemann, Rebuffet, Czjzek, & Michel, 2011) , and 6 h of aggressor exposure every day for 10 days led to changes in the dominant phyla. In the Agg-E mice, the phyla Firmicutes proportion increased immediately after 24 h of aggressor exposure whereas the control mice had the Firmicutes proportion increase after 3 days of the stress of 6 h a day without food and water (Figure 2b ).
The phyla Bacteriodetes declined in control mice after 3 days whereas Agg-E mice had an increase of the proportion of Bacteriodetes. This effect was observed in the Firmicutes/Bacteriodetes ratio where the ratio increased immediately in Agg-E mice and after 3 days in control mice. It is important to note that at day 10 the Firmicutes/Bacteriodetes ratio was more similar to day 1 of the study for control as well as Agg-E mice. The mean of rank abundance data indicated an increase in Firmicutes to Bacteriodetes ratio from 2.3 to 5.2 in control to Agg-E samples. The ratio increased in Agg-E samples to 11.2 immediately after 1 day of stress.
| Differences in microbial composition
PCoA of the data demonstrated separate group clusters of the gut microbial communities in the controls and Agg-E mice. After normalizing, the relative abundance profile for all phyla showed 21% variance at principal component (PC) 1 and 18.1% variance in the PC2 scale. We observed two clusters among the control mice: the first cluster included the time points from days 1-3 and day 10, and the second cluster had the remaining control time points. The Agg-E samples had two distinct groups with the data points from days 4-9 in one group and days 1-3 along with day 10 in another group (Figure 3a) . The PCoA, based on genus level analysis, showed a distinct cluster for all control samples whereas the Agg-E samples grouped into multiple clusters. The relative abundance profile using genus level classification showed 24.9% variance at PC1 and 19.4% variance in the PC2 dimensions ( Figure 3b) . We observed similar clusters as identified at the phylum level, but the clusters were closer together and the Agg-E mice were in 3 distinct clusters consisting of days 1-3; days 4-5; and days 6, 8, and 9. Day 10 tended to show a separate cluster but was very close to the days 1-3 time points.
The normalized abundance profile of the top six phyla highlighting the log-fold changes in Agg-E mice with their respective matched controls at each individual time points are shown in Figure 4 , and rank abundance profiles of genera are listed in Table 1 . Firmicutes and Bacteroidetes phyla were lower in Agg-E samples at all the time points and the statistical tests (Table 2) showed that Firmicutes changed significantly immediately after stress followed by a similar pattern that did not pass FDR. The Bacteriodetes were significantly altered at all time points except day 6 and 8, which reflected immediate changes in microbiota. The phylum Verrucomicrobia was significantly affected across all time points with abundance decreasing in Agg-E mice. The phylum Proteobacteria showed an increased abundance at earlier time points in Agg-E mice but not significantly. The rest of the phyla of Actinobacteria and Tenericutes showed altered composition with a decreasing trend across all time points.
FIG URE 3 Principal Coordinate Analysis (PCoA) plot of samples at different time points (a) using the abundance information of OTUs and phylogeny (b) using the abundance information and phylogeny at genus level. To generate these plots, the relative abundance profiles were log transformed and plotted. The D represents the day and control and Agg-E mice are shown as filled in D and O, respectively. The day 7 sample was not collected in the study FIG URE 4 Normalized Log 2 counts per million profiles at the phylum level. The control (ctrl) and Agg-E samples were plotted followed by TMM normalization and p-values were derived using Bayes quasi-likelihood F-tests. The p-values are denoted as * where *** 5 <0.001, ** 5 <0.01, * 5 <0.05. Day 7 sample is missing from the dataset 3.4 | Rank abundance profiling at the genus level Detailed taxonomic profiling was performed to rank the abundantly present genera from Agg-E and control mice, and 12 of top 20 genera belong to phylum Firmicutes in control samples whereas Agg-E had 13 genera from phylum Firmicutes. The genus Oscillospira was common genus in control as well as Agg-E as top identified genera followed by Turicibacter in control and Lactobacillus in Agg-E samples ( Table 1 ). The Akkermansia genus was the only one present from the Verrucomicrobia phylum that was ranked as first in Agg-E samples. We used stringent parameters of 3% error rate for our alignment analysis and were able to identify Akkermansia muciniphila as one of the top species. We then conducted real-time PCR using the primers corresponding to this species and found a very similar trend between the sequencing and the real-time PCR data ( Figure S5 ): this species was most abundant at earlier time points followed by a decline and reemergence at the day 10 time point. In the phylum Firmicutes, we observed Anaerostipes, Ruminococcus, Coprococcus, Dorea, Coprobacillus, and many others in the list of the top 20 most abundant genera. We identified one genus from following 2 phyla: Porphyromonas from Bacteroidetes and Anaeroplasma from Tenericutes. The Bacteriodetes was only observed in Agg-E samples. The phylum Actinobacteria had multiple genera in the list of the top 20 abundantly present genera including Bifidobacterium, Adlercreutzia, and Corynebacterium where Propionibacterium was limited to control samples.
Normalized abundance profiles for the top four genera (i.e., Akkermansia, Anaeroplasma, Oscillospira and Lactobacillus) at different time points are shown in Figure 5 and its statistical summary is provided in Table 2 . The relative abundance of the genus Oscillospira showed a decreasing trend in Agg-E samples at the multiple time points. The Anaeroplasma from Tenericutes was significantly affected for entire time period in the study. There was a significant increase in the genus Akkermansia in the Agg-E samples at day 3 and a significant decrease at day 4, and the genus Lactobacillus showed a decreasing trend in control samples as compared to Agg-E mice immediately after exposure. The 
| Metagenomics data analysis
A computational approach (PICRUSt) predicted the functional composition of control and Agg-E microbiomes based on their 16S rRNAderived metagenomes (Langille et al., 2013) . There are 47 FDR- corrected pathways that were predicted to be altered across time points (data not shown), and of these, the KEGG pathway related to degradation of the xenobiotic compound "Fluorobenzoate" was assigned at five different time points. The pathways, namely base excision repair, biotin, cysteine and methionine metabolism, penicillin and cephalosporin biosynthesis, and xylene degradation were altered in expression at four different time points in this prediction analysis.
| D I SCUSSION
Employing mouse models allows dissection of underlying mechanisms that are not always possible in human clinical investigations. Ribosomal RNA gene-based sequencing can detect the predominant members of the microbiome community and has been used with high accuracy in comparison to the metagenomic shotgun sequencing using saliva as well as fecal samples (Zaura et al., 2015) . We collected fecal samples from mice that were exposed to trained aggressors (Hammamieh et al., 2012) in the ten day stress period and assayed the samples using 16S rRNA profiling. This social stress, resident-intruder model has been associated with PTSD-like behavior symptoms (Hammamieh et al., 2012) as well as molecular changes leading to inflammation and metabolic disorder Muhie et al., 2017) . In this pilot study, we looked at microbial changes at individual time points for higher abundance level and a follow-up high-powered study for deeper level changes across time points in microbiota is recom- and Verrucomicrobia are present in small proportions (Eckburg et al., 2005) . Alpha diversity measures the richness (number of species in the sample) and evenness (relative abundance of different species) within each sample. In our dataset, the alpha diversity analysis showed no data points passing statistical significance and is consistent with a previous study where two hour cycle of exposure to the social stressor did not affect the alpha diversity of the mucosa-associated microbiota . This is also consistent with a recent study on human participants where no alpha diversity changes were observed (Hemmings et al., 2017) . However, it has been observed that chronic psychosocial stress conditions have resulted in decreased diversity of gut microbial communities and could be attributed to differences in the animal models (Reber et al., 2016) . Considering the variation observed in this current study, the changes in alpha diversity need to be validated using a larger study population and more refined sequencing approaches. Furthermore, the stress from aggressor exposure led to changes in beta diversity immediately after the exposure when compared with food-and water-deprived controls. The foodand water-deprived controls exhibited stress effects 3 days later and followed the same trend as Agg-E mice. The cross talk between aggressor exposure and food/liquid restriction emerged as a discriminating factor in body weight and temperature (Hammamieh et al., 2012) , and now we know that the same factor possibly was associated in changing the gut microbial load. We observed significant changes in
Bacteroidetes and Firmicutes as well as other phyla, such as Tenericutes, Actinobacteria and Verrucomicrobia after aggressor exposure. Previous
Normalized Log 2 counts per million profiles for the top 4 genera. The control (ctrl) and Agg-E samples were plotted followed by TMM normalization and p-values derived using Bayes quasi-likelihood F-tests. The p-values are denoted as * where *** 5 <0.001, ** 5 <0.01, * 5 <0.05. Day 7 sample is missing from the dataset studies with exposure of mice to prolonged restraint stressor led to significant changes in the intestinal microbiota, in which the family Porphyromonadaceae from the Bacteriodetes phylum was reduced where genus level predictions were performed from DNA extracted from fecal contents in outbred CD-1 mice (Bailey et al., 2010) . The genera Bacteriodes and Clostridium were impacted in a social disruption model that resulted from inter-male aggression over a 2 h period (Bailey et al., 2011 ). An additional study showed that stress disrupts the homeostatic relationship between the microbiota and the host, leading to inflammation in a murine model of chronic psychosocial stress (Reber et al., 2016) .
In our previous study, the body weights of the Agg-E mice were significantly greater than those of control mice after the 10-day study period (as previously observed [Hammamieh et al., 2012] ), and on further correlation analysis, the body weights did not correlate with abundance of either of these phyla ( Figure S6 ). Many studies have investigated the importance of a balance between the Bacteroidetes and Firmicutes phyla, and it has been reported that the phylum Bacteroidetes bacteria tend to dominate numerically during the early stages of life but decline significantly later, and the reverse trend occurs for bacteria of the phylum Firmicutes (Conlon & Bird, 2015) . There have been studies indicating that conditions such as obesity might contribute to excess numbers of Firmicutes (Ley et al., 2005) . We observed that the ratio increased immediately in Agg-E mice and after 3 days in control mice. In our study, we routinely provided sufficient food and water to the mice for 18 h per day, but we did not measure food intake by the mice. The control mice were without food and water for a similar amount of time as were the Agg-E mice, but they were without aggressor exposures, and a delayed effect that was observed in the control mice emphasizes that no access to food and water in addition to routine handling (Allen-Blevins, You, Hinde, & Sela, 2017) had an impact on the microbiome. The control samples from day 10 showed a similar pattern as earlier time points, which indicated these mice achieved familiarization to the stressful conditions, and this needs further investigation.
It has often been suggested that increases in intestinal inflammation during stressful periods could be responsible for changes in GM (Bharwani, Mian, Surette, Bienenstock, & Forsythe, 2017) . In a previous study , 24 h after day 10 of aggressor exposure, we found significant changes in the plasma proteins of mice such as haptoglobin, myeloperioxidase, and serum amyloid P-component that are known to be affected by inflammation. Also, mRNA data presented signs of liver inflammation at 24 h after aggressor exposure in the Agg-E mice. We observed that stress can simultaneously affect multiple organ systems and perturb closely cooperating systems, and this could cause organ injury leading to chronic changes.
Stressor induction led to a decline in levels of bacteria of the genus
Lactobacillus with the species L. reuteri found to be especially decreased in CD-1 mice but not in C57BL/6 mice . We observed significant and immediate changes in the Lactobacillus genus after stressor exposure, which was also been reported by . Lactobacillus species are known to be involved in production of histamine, an immunomodulatory compound (Hemarajata et al., 2013) that also stimulates production of hydrochloric acid in the stomach, important in the regulation of sleep and memory function in the brain.
The human-derived clade II L. reuteri strains contain a complete chromosomal hdc gene cluster (genes hdcA, hdcB, and hdcP) and have the genetic capacity to convert L-histidine to histamine which is known to suppress human TNF production in vitro (Gao et al., 2015) . Using pathway level predictions, the histidine metabolism pathway was also predicted to be affected immediately after aggressor exposure in our study (data not shown).
A. muciniphila was identified to be significantly different in abundance between control and Agg-E mice. A. muciniphila is a mucusutilizing organism and represents approximately 1 to 3% of the total microbiota (Derrien, Collado, Ben-Amor, Salminen, & de Vos, 2008) .
Mucus not only serves as a barrier to protect the epithelium from pathogen attachment (Turner, 2009 ), but can also be a carbon and energy source for commensal intestinal bacteria (Derrien et al., 2008) .
Mucin-degrading bacteria provide nutrients for other resident bacteria, including oligosaccharides and amino acids released from mucin degradation. A. muciniphila is believed to have anti-inflammatory effects in humans, and a study in mice concluded that the increase in A. muciniphila corresponded with a reduction in inflammation, indicating a link between dietary fats, gut flora composition, and inflammation levels (Caesar, Tremaroli, Kovatcheva-Datchary, Cani Patrice, & Bäckhed, 2015 ). In our current study, significantly higher levels of A. muciniphila were seen in Agg-E mice at multiple time points, and another recent study emphasized the role of this bacteria in glucose tolerance (Greer et al., 2016) . The species Ruminococcus gnavus from genus Ruminococcus was also identified in our current study. This species is abundant in the gastrointestinal tract and known to be involved in a number of metabolic functions (Rajilić-Stojanović & de Vos, 2014) .
Furthermore, bacterial enzymes have other properties that convert amino acids to different classes of compounds, such as amino acid decarboxylases that convert glutamate to the neurotransmitter gammaaminobutyric acid (Li & Cao, 2010) , tyrosine to tyramine, and phenylalanine to the neuromodulatory compound phenethylamine (Marcobal, De Las Rivas, Landete, Tabera, & Muñoz, 2012) . The gut microbiome affects liver, adipose tissue, and serum lipid profiles as shown in a comparison of conventionally raised and germ-free mice (Velagapudi et al., 2010) , and in an earlier study, we observed higher levels of lipids at 24 h after the day 10 exposure, and these higher lipid levels were maintained 4 weeks after withdrawal from the exposures while amino acids were down-regulated in the Agg-E mice .
In the current study, mice were exposed to repeated daily exposures, and the microbiome data derived from day 10 exposure samples indicated partial habituation. A follow up analysis is needed to determine if a dysbiotic microbial profile is associated with the behavioral features or disease symptoms. The data indicated that the 6 h without food and water is sufficient to change the bacterial community and showed the importance of tracking the food consumption in these mice. The present study lacked an untreated control and additional recovery data points to assess the dynamic shifts before and after stress.
| CON CL U S I ONS
This investigation represents a longitudinal study that demonstrates that aggressor exposure leads to immediate changes in the microbial composition of the gut microbiome. Clearly, our understanding of the complexity of the gut microbiome is still lacking, including the identification of the exact mechanisms involved. Future work will include identifying bacteria at the species level of classification through in-depth sequencing, as well as identifying the complete microbial composition that also includes fungi and viruses. We would also like to revisit the ratio of bacterial to mammalian cells overtime and evaluate the effect of aggressor exposure. This study was conducted on the microbiome in the feces only, and it is critical to characterize the mucosa-associated population to reveal the complete spectrum of microflora. This will enable us to gain valuable information on the function of the gut microbiome as a system and contribute to identification of potential biomarkers for further validation.
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FIGURE S1 Stress regimen and sample collection. C57BL/6J male mice were exposed to SJL (trained aggressor) mice daily for 6 h in a "cage-in-cage" / resident-intruder model. The fecal pellet was collected every day (except day 7 of the study) and stored at -80 8C.
(Ctrl 5 control mice, Agg-E 5 Aggressor exposed mice) FIGURE S2 Normalized Log 2 counts data distribution 
